Abstract-Segmentation of the vessels in retina images is an essential step in earlier diagnosis of diabetic and hypertension. The application of image analysis using segmentation could assist the ophthalmologists, to detect the signs of diabetic retinopathy in the early stages. In this paper, a bank of 180 Gabor filters is used to capture high frequency information among which the maximum response for each pixel is selected. The vessels in the filtered retina images are segmented using a threshold value that passes the informative pixels and rejects the insignificant pixels. Determination of an effective threshold is of utmost importance for reliable segmentation which leads reliable vessel detection. The paper proposes a systematic way of determining the threshold value for reliable performance. The proposed approach is applied to retinal images from DRIVE retina database. The performance of the proposed vessel segmentation approach reaches to 0.95 based on the area under the receiver operating characteristic curve.
INTRODUCTION
Currently, the advances on digital imaging systems offer very high-resolution images that can be used in many applications from several areas like medicine. The transmission of this kind of images makes them suitable to integrate their use into large scalable systems. Furthermore, these images can be enhanced and be subjected to techniques to perform a qualitative analysis. As for the medical image processing is concerned, a lot of research has been focused on the computation of accurate geometric models of anatomic structures from medical images in order to use the potential of automated applications for early disease diagnosis. The detection of blood vessels is an important step in applications of image processing in ophthalmology [1] . Segmentation methods to detect blood vessels utilize the contrast between the retinal blood vessels and the surrounding background. The major methods used to segment the vessels in images of the retina including are matched filters [2] , vessel tracking [3] , neural networks [4] , morphological processing [5] and Gabor filters [3] . The motivations for the use of Gabor filters in segmentation are such that simple cell in the visual cortex can be modelled by Gabor functions, and that the Gabor scheme provides a suitable representation for visual information in the combined spatial-frequency [7] . In fact, Gabor filters are optimal in the sense of minimizing the joint two-dimensional uncertainty in the spatial and frequency domain. These filters can be considered as orientation based edge detectors. Knowledge about the location of the blood vessels can assist retinal image analysis in ophthalmology to screen the effects of diabetes and hypertension on the visual system. A bank of Gabor filters can be used to detect the changes in the shape, width, and tortuosity of the vessels. Then, filter responses are combined and thresholded for segmentation. The main objectives are:
Using Gabor filters for efficient retina vessels detection. In this paper, we describe an algorithm to detect blood vessels in retinal images. This includes two major steps. The first step is to capture edges by using a bank of 180 Gabor filters with 1°of separation in their orientation. In The second step we propose a systematic way of thresholding. Determining threshold for segmentation can help to increase the performance. Using retinal images contained within a standard image database, we show that generated results are comparable by the other state-of the-art results in the relevant literature. We obtained human retinal images from publicly available databases. The source of fundus images used to test the segmentation is the DRIVE (Digital Retinal Image for Vessel Extraction) database [8] . In all cases, colour images were converted to gray image by extracting the green channel information, because the green channel exhibits the best contrast for vessel detection [9] . The rest of paper is organized in four sections, where in Section II, the proposed method for image segmentation is given in details. Section III presents the results and includes the discussions about the obtained results. Last section presents the conclusions of the paper.
I. PROPOSED IMAGE SEGMENTATION METHOD
In this section, a retinal vessel extraction system that uses Gabor filter based segmentation of the vessels in retinal images is proposed. The proposed system also incorporates a systematic way of determining threshold value. Conceptually, several stages have been used for the retinal vessel segmentation. The main goal is to capture efficient edge information of the vessels. The system diagram of the proposed approach is shown in Fig 1 . The proposed approach is applied to retina images from DRIVE database. The system is divided to three stages which are given as follows:
A. Pre-processing and Gabor Filtering
The images in DRIVE database are in RGB format, where R, G, and B correspond the red, green, and blue channels, respectively. In the color retinal images, the blood vessels appear most contrasted in the green channel [9] compared to red and blue channels in RGB image. So the green channel image has been selected for further processing. Then, each input color image was converted from 8-bit gray scale to a double-precision scale in the rage of [0,1].
The Gabor filters are widely applied to image processing applications including image segmentation and image analysis. Since, the vessels in the retinal image are connected and piecewise linear. Gabor filters are better suited for their segmentation as they are capable of detecting oriented features and can be fine tuned to specific frequencies [9] . We have applied the Gabor filtering techniques to detect blood vessels in retinal images based on Gabor wavelets. The real Gabor filter kernel oriented at the angle θ = − can be formulated as [10] :
According this formula σ and σ are the standard deviation values in the x and y directions, and is the frequency of the modulating sinusoid. Kernels at other angles are achieved by rotating the mother wavelet in the range of − , and obtained by using the coordinate transformation.
x ′ = x cos α + y sin α (2) y = −x sin α + y cos α
Where (x ′ , y ′ ) is the set of coordinates rotated by the angle . The parameters σ , σ and , are derived by taking into account the size of the lines or curvilinear structures to be detected. is the thickness of the line detector defined as follows:
The amplitude of the Gaussian (exponential) term in equation (1) is reduced to one half of its maximum at x = and y = 0; hence, σ = /(2√2 ln 2). The cosine term has a period of ; hence = , σ = 1/ .
l is the elongation of the Gabor filter in the orientation direction, with respect to its thickness; hence σ = σ .
Experiments are conducted by varying the Gabor filter parameters = {1, 2, 4, 6, 7, 8, 9, 10, 12, 16} and = {1.3, 1.7, 2.1, 2.5, 2.9, 3.3, 3.7, 4.1} . Gabor filter would be desirable to improved efficiency of detection of thick and thin parts of blood vessels in retina in their entirety (and not just their edges). To obtain good response of different directions, the Gabor filter is rotated from 0° to 180° in the steps of one degree to obtain the highest response based on the orientation of the respective pixel. Filter size is chosen to be 15×15 pixels in spatial domain. At each pixel only the maximum response is retained, then logarithmic normalization is applied to suppress the impulsive values for easier post-processing. 
B. Thresholding
To classify the pixels into vessels and non-vessels thresholding is applied. Thresholding allows the separation of an image into separate components by turning it into a binary image. This involves the image being separated into white or black pixels on the basis of whether their gray value is greater or less than a certain threshold level. The process of thresholding may be particularly useful to remove unnecessary details or variations and highlight the details that are of interest. Choosing the threshold value dictates the quality of the segmentation. In this context, a systematic way of determining the threshold value is crucial. Three methods are utilized to determine the threshold in a systematic manner:
1) Equal Error Rate (EER)
The first approach determines the threshold values based on the FAR (False Acceptance Rate) and FRR (False Rejection Rate) for the segmented pixels in the segmented image. If the score distributions overlap the FAR and FRR intersect at a certain point, the value of them at this point, is referred to as the Equal Error Rate (EER). The EER corresponds to a threshold value which we choose as the adopted threshold. Fig. 4 represent False Acceptance Rate (FAR) and False Rejection Rate (FRR) corresponding to changing threshold from 0 to 1. EER gives a threshold which can be regarded to be near optimal. 
2) Total Error Rate (TER)
Total Error Rate (TER) is the second approach adopted, which has been used extensively for comparison of biometric verification. Total Error Rate (TER) which is the sum of the FAR and the FRR. In fact TER generates a better threshold in terms of total error (FAR+FRR). The minimum threshold value on this curve generated higher performance than using EER based approach on the segmentation performance. The threshold minimizing TER is used as an alternative approach to determine an efficient threshold level for segmentation. 
3) Maximizing Accuracy
In the last approach we have utilized a threshold according to the threshold value that maximizes the accuracy. Accuracy is plotted against every possible threshold value and the threshold maximizing this curve is declared to the selected threshold. The accuracy (ACC) an image is the fraction of pixels correctly classified.
= TP + TN (TP + TN + FP + FN)
Where TP is number of pixels correctly classified as vessels pixels, TN is number of pixels correctly classified as nonvessel pixels, FP is number of pixels incorrectly classified as vessels pixels and FN is number of pixels incorrectly classified as non vessels pixels. Figure 7 . Determining threshold value based on maximizing the accuracy. Figure 8 shows the accuracy curve against every possible threshold value. The threshold maximizing the accuracy is selected as the third possible threshold value.
After thresholding in order to ensure that only the portion of the image including data is considered during analysis, a mask generated for images from the DRIVE dataset is used. The artifacts present at the edges of the segmented image are removed by applying morphological erosion with a discshaped structuring element of radius equals to 10 pixels.
C. Error Analysis
In the final stage we analyze error by comparing segmented image with manual segmentation (ground truth). The result achieved is called error image analysis. Indeed, image achieved is difference between segmented image and ground truth, which for analyzing Error image has been divided to images. Images concluding red and blue pixels are corresponding to False Positive (FP) error pixels and False Negative (FN) error pixels. On the other hand if the vessels classified be in ground truth represent red pixels in Error image and if the vessels classified not be in ground truth represent blue pixels in error image. The performance of this approach is evaluated on DRIVE databases with manual segmentation (ground truth). The illustrative overview of the third stage used in our algorithm is shown in Fig. 10 .
III. RESULTS & DISCUSSIONS Receiver
Operating Characteristics (ROC) analysis was performed by applying a systematic threshold during the segmentation process. According the averages of parameters in three proposed approaches, we observed that the proposed segmentation method using threshold based on maximum accuracy has the best performance among all three approaches.
Table indicates the average accuracy, specificity and area under the ROC curve of proposed three approaches for 20 images in the test set of DRIVE database. The results indicate that threshold determination in approach 3 generates the best performance in terms of segmentation performance measures of Accuracy, Specificity and AUC. The area under the ROC curve of detection of blood vessels in the retina achieved by several reported methods using the same set of 20 images of the DRIVE database which are listed in TABLE II. The performance achieved by the proposed method are higher than those methods obtained by Jiang and Mojon [13] and Chaudhuri et al. [14] . The obtained results are comparable with the other methods that are reported. Single-scale Gabor filters; Rangayyan et al. [12] 95
Ridge-based segmentation; Staal et al. [1] 95
Adaptive local thresholding; Jiang and Mojon [13] 93
Matched filter; Chaudhuri et al. [14] 91
IV. CONCLUSIONS In this paper a bank of 180 Gabor filters are used for the efficient detection of the blood vessels in a given retina image. A systematic thresholding has been proposed for effective segmentation process that follows the detection. EER, TER and Accuracy maximization methods are used for determining three competitive threshold values. Among the proposed, the threshold value obtained by the accuracy maximization process is observed to be the best method generating the highest segmentation performance. Based on brief comparison with some other vessels segmentation algorithms in literature, we can conclude the Gabor filter with systematic threshold provide an average AUC of %95 using 20 images in the test set of DRIVE database. The obtained results are comparable with the state of the art alternative methods in the literature.
